Intragenomic gene conversion (IGC) is important in the evolution of bacteria but has only been analyzed computationally in a few strains of Escherichia coli. This paper describes a scientific workflow approach to analyze IGC in all NCBI bacterial genomes. RECOMBFLOW, an extension to Taverna, automates this complex procedure, incorporating new reusable generic web and file access and navigation processors to automate protein and genomic data integration from the Web and invoke sequence analysis tools. RECOMBFLOW analyzed >400 bacterial genomes, with a median analysis time per genome of <5 min. Results show that IGC varies greatly both between different species and among multiple genomes of the same species. We analyze for the first time the large variation of IGC in the pathogen Streptococcus pyogenes, and also in non-pathogenic bacteria. The workflow system approach enables organizing large-scale computational analyses of multiple genomes and will facilitate future comparative studies of genome organization.
Introduction
Recombination is the transfer, insertion, or replacement of a length of DNA into a genome from another source. This can occur between two cells or different regions of the same cell. The usual requirement for recombination to occur is a similarity of sequence between recombining regions. Gene conversion, which is an outcome of a recombination event, is the non-reciprocal transfer of genetic information from one gene to another. Recombination and gene conversion can occur between separate genes with related sequence within the same genome, a process known as intragenomic gene conversion (IGC) . IGC plays an important role in the evolution of multigene families of bacteria and the generation of antigenic variations (Santoyo and Romero, 2005) . Genome-wide analysis is the key to identifying sequences likely to have resulted from IGC events.
Despite the public availability of the microbial genome sequences and various sequence analysis tools, current IGC analysis relies on a manual and error-prone procedure. The procedures include downloading multiple datasets from public databases, integrating protein and genome data, modifying the format of the output of one analysis tool, and then transferring it into another analysis tool, and so on. IGC analysis and other genomic analysis procedures typically involve over 50 steps of human or computational tasks, and require an inordinate amount of time and labor for analysis.
Taking into consideration the importance of IGC, a methodology to analyze the occurrence of IGC in bacterial genomes has been developed. This application performs genome wide analysis to identify gene conversions found among multigene family members of entire microbial genomes. To accomplish this task, complete genomes are retrieved from GenBank, and then BLASTClust, ClustalW, GENECONV, and various parsing and statistical computations are applied to the genomic data. These procedures have previously been applied manually to four genomes of Escherichia coli (Morris and Drouin, 2004) ; however, the massive amount of work that is involved in testing the results with different control parameters and extending the analysis to all bacterial genomes (>400 completed at present) necessitated automating the analysis by developing a scientific workflow system.
In this paper, a scientific workflow approach is demonstrated for analyzing IGC in complete microbial genomes. Specifically, we have developed a system, called RECOMBFLOW, as an extension to the Taverna system (Oinn et al., 2004) , to automate this complex procedure, including protein and genomic data retrieval from the Web and the invocation of various wrapped local protein and genome sequence analysis tools. We used RECOMBFLOW to efficiently analyze the entire set of microbial genomes available from the National Center for Biotechnology Information (NCBI) via the Internet.
The main contributions of this paper are: (1) We developed a scientific workflow system to analyze intragenomic recombination events in complete microbial genomes. This workflow can be executed on individual genomes or on a batch of genomes. (2) We developed several generic web processors and integrated them within the workflow to enable workflow processes to obtain information available on public web sites, to navigate within web pages using URLs obtained from those pages, and to download files from FTP sites. These processors have general applicability and can be incorporated into any other workflow. (3) We developed several generic bioinformatics processors and incorporated them into the workflow. They can be used within any other analysis, such as wrapper processors, to invoke local analytical tools. (4) We developed other general processors for this analysis, and they can also be reused as is or with few modifications. Such processors are used to parse output files from various computational tools, to gather necessary information and to prepare files to be consumed by those tools, to perform statistical calculations, to store necessary information in an Access database, etc. (5) We applied these methods to microbial genomes, and results from analyzing hundreds of bacterial genomes in NCBI's GenBank (as of July, 2007) are described.
Organization. Section 2 discusses the IGC identification methodology in complete bacterial genomes; Section 3 gives some background about Taverna, the workflow development system used here; Section 4 explains our extensions of Taverna and the implementation of our workflow; Section 5 describes results obtained from applying the workflow system to genomic databases; and, finally, Section 6 discusses the results, functions of the workflow system, and possible future work.
Intragenomic Gene Conversion
DNA consists of many genes and provides genetic information to regulate and reproduce cells. Information from each gene encodes a unique protein, which performs necessary tasks for the cell to function. Bacteria are very small single cell organisms that are found almost everywhere, in the air, water, soil, food, and human body. Bacteria are prokaryotes, which indicate that they contain a single cell that does not contain a nucleus. Instead, their genetic information is within a single circular chain of DNA. Even though they are small organisms, many live in groups and can multiply quickly by cell division, by which a single cell splits into two new daughter cells both with the same genetic material, and can conjugate (~ have sex) with each other to exchange and insert genetic material from one cell to another by homologous recombination. Homologous recombination, which can occur between two similar DNA sequences, is the exchange or replacement (conversion) of genetic information in one DNA sequence by a homologous DNA sequence from the other sequence (Figure 1 ). This is an important factor for the survival and evolution of the cells. Although recombination is usually thought of as occurring between two different cells, intragenomic recombination, including IGC, can also occur in which recombination occurs between genes in gene families, i.e., genes with similar sequence that can be found in the same microbial genome. Where concerted evolution of related sequences occurs, e.g., the highly related multiple copies of ribosomal RNA genes, the similarity of the multiple copies may be maintained by intragenomic recombination (Liao, 2000) . Coevolution of the tufA and tufB genes of Salmonella typhimurium by IGC is supported by experimental analysis of recombination products (Arwidsson and Hughes, 2004; Hughes, 2000) . In addition, a bioinformatic approach has been applied by Morris and Drouin (Morris and Drouin, 2004) to several strains of Escherichia coli, in which gene families were identified and then their members were compared for evidence of previous gene conversions using GENECONV (Sawyer, 1989) , software that identifies non-random similarities between sequences as evidence for conversion events. In comparison with the K12 laboratory strain of E. coli, for which comparatively few intragenomic events were detected, numerous instances of IGC were identified in the genomes of three pathogenic strains of E. coli (Morris and Drouin, 2004) . In order to understand the evolutionary role of IGC and also to analyze whether high IGC levels are especially characteristic of pathogenic bacteria, we used the complete set of bacterial genome sequences available in NCBI's GenBank to perform the analysis of IGC among members of identified multigene families. Figure 2 illustrates a pipelined view of the analysis of IGC as a set of processes and data flows among those processes. Except as noted, the processes and parameters follow the methodology applied previously to four E. coli genomes (Morris and Drouin, 2004) . The protein sequence of a complete genome was obtained from GenBank and all multi-gene families of that genome were identified using the BLASTClust program. BLASTClust identifies the multi-gene families and produces an output file that lists one family per line such that each line contains all members of that family. Each family member is indicated by the Protein Identifiers for genes, separated by spaces. Parameters were set so that two protein sequences need to be 60% identical over at least 50% of the area covering their length to be included in a family.
Intragenomic Recombination Analysis Pipeline
The corresponding DNA sequence for each member in the families was obtained and aligned using ClustalW. These aligned DNA sequences were then processed using GENECONV to identify gene conversions. Converted genes were identified as genes for which global inner fragments with p<0.05 were identified. G-scale, which is the mismatch penalty between different sequences and allows for point mutations to have occurred since the most recent recombination, was set to 2 to obtain more significant fragments. When GENECONV identifies the global inner fragments in a given sequence it lists each and every conversion identified in each pair of sequences. When considering a multi-gene family, this can result in a list of duplicate conversions if gene duplication had occurred after the recombination rather than before. In order not to count a single conversion multiple times, duplicate conversions were removed and counted only once, resulting in a conservative estimate of the number of gene conversions.
When considering the gene conversions identified by GENECONV, some converted fragments start at the beginning or end of the gene sequences being analyzed. This implies that if the analysis to detect gene conversions were to be carried out in genes with additional sequence flanking the region of interest, then the actual beginning or end of the fragment in the flanking region could be identified, rather than be limited by the ends of the sequences being considered. Also, by providing more sequence with which to identify gene conversions, converted sequences that previously were too short to be detected might be identified. Thus, the workflow pipeline incorporated methods of finding and adding on the flanking DNA sequences to all members of the gene families being considered prior to application of GENECONV. Since GENECONV also identified some conversions purely in the added flanking region and those conversions are fully outside of the gene clusters being compared, fragments completely contained within the flanking regions were eliminated in the final count. Size of the flanking region that was added to the DNA sequences prior to GENECONV analysis was an input parameter, which we generally set at 0 ("no flank" method) or 600 ("flank 600" method), which pilot experiments determined would reduce the number of conversions that started at the beginning or end of the sequences being analyzed to be less than 5% of the total number of identified gene conversions.
The final process in the workflow pipeline analyzed a number of statistical features regarding the conversions obtained, including numbers of multigene families, numbers of members in each family, maximum number of genes identified in those families, numbers of gene conversions and sizes of gene conversions.
Taverna: A scientific workflow management system
Taverna is a scientific workflow management environment developed by my Grid, a UK project (Oinn et al., 2004) . Taverna is an open source, life sciences workflow environment that provides numerous resources that can be downloaded from the Taverna project website, at http://taverna.sourceforge.net/. Taverna workbench allows users to construct complex bioinformatics workflows using components available remotely or locally, run the workflows and analyze the results. These workflows are stored as XML files in the XScufl format, a Simple Conceptual Unified Flow Language specially designed for Taverna.
A Taverna workflow consists of a set of processors and the relations between those processors. A processor is the smallest reusable component, which performs some welldefined function within a process. These processors may be located on any computational resource accessible via the Internet or at a local machine. Data links transfer information from workflow input or an output of one processor to the input of another processor or to a workflow output. Control links state a condition in the execution of a processor. A workflow can be stored in a local machine or on the web as an XML file.
Workflow inputs are the information or data provided by the user to the process, and workflow outputs are the information or results obtained by the process or experiment structured as a workflow. Inputs can be specified or loaded from a file, which can be located at a local machine or at a remote site, in which case the file URL is sufficient to get the data from that remote site. These inputs and outputs can be text description or MIME types.
RECOMBFLOW: An extension to Taverna
RECOMBFLOW was built using the Taverna workbench to analyze IGC in complete bacterial genomes using both local and remote resources. In addition to existing processors in Taverna, we built new processors to form the complete workflow. These generic processors are of three types: (1) web processors, (2) bioinformatics processors, and (3) processors developed for this analysis. These processors can be shared and reused within any other analysis. They can be used as stand-alone processors or as processors within another workflow, as we have done.
Generic web processors
Get_Source. This processor retrieves the source code of a web page, thereby obtaining hidden information from a web page. The retrieved source code is then searched with pattern-matching techniques to obtain the needed information ( Figure 3A) .
Get_URL. This processor retrieves all the URLs specified as links to other web pages in a given web page using the URL of that given web page. All these retrieved URLs can be searched for a given domain name or a given protocol to navigate to or gather information from other needed web pages ( Figure 3A) .
Download. This processor downloads files from an FTP site and stores them locally. Taking the URL of the file to be downloaded, password, username, and filename and path to store them locally, this processor will download the given file from the FTP site and store it locally with the given name. Iteration is set for this processor to be used to download multiple files from same FTP site ( Figure 3B ).
Generic bioinformatics processors
Wrapper processor to call local BLASTClust ( Figure 4A ): This processor calls the BLASTClust program in standalone BLAST (from http://www.ncbi.nlm.nih.gov/), stored locally. BLASTClust is used to identify multigene family members in the genome. The BLASTClust program reads sequence stored in a file and writes a file as output that contains all the details of identified clusters. The input sequence is written as a file within a temporary folder and then that file name is passed to BLASTClust to process. BLASTClust writes the identified clusters as a file, which is read as the output of the workflow. Finally the temporary folder and its contents are deleted.
Wrapper processor to call local CLUSTALW ( Figure 4B ): Locally stored ClustalW (from http://www.ebi.ac.uk/) is called using this processor. Path of the locally stored ClustalW, DNA sequences, the list of necessary arguments, and the count of families are used to call ClustalW to align the sequences. This processor creates a temporary folder and file names according to the number of families given and writes the set of sequences with the file names created. Then the file names are passed to ClustalW with other arguments to process the sequences. The input count is used to specify the number of the set of sequences, in order to create appropriate file names and to store sets of sequences as separate files for each multigene family. The aligned sequences are written with the same file name with appropriate extensions, and this file is read as the output of the processor. Finally the temporary folder and its contents are deleted.
Wrapper processor to call local GENECONV ( Figure 5 ): This processor calls GENECONV (from http://www.math.wustl.edu/sawyer), stored locally. The paths of the locally stored GENECONV, aligned DNA sequences, necessary arguments, and the count of families are used to call GENECONV. GENECONV takes the aligned DNA sequences and produces a report with details of all identified gene conversion events for each family. As with other processors, a temporary folder is created to store the incoming sequences with created file names. These file names are then passed to GENECONV with other arguments to process the sequences, where each file contains the sequences of all members of a multigene family. Output is written as a file with the same name as the input file name but with the extension '.frags'. This output file is read, and the content is passed on as the output of the processor. Finally, the temporary folder and all the files written in that folder are deleted.
Generic processors developed for this analysis
Parser processor to process BLASTClust output: This processor is built to gather necessary information from the content of the output file written by BLASTClust. The content is parsed to obtain all the necessary information for the next step in the analysis.
Processor to prepare input sequence file for ClustalW: ClustalW takes a set of sequences and aligns them according to the similarity of the sequences. This processor is built to find and align similar DNA sequences among the clusters identified by BLASTClust, and can also be used to align any set of DNA sequences. This processor can also be used to align protein sequences.
Parser processor to process GENECONV output: This processor parses the output of GENECONV. Here we use only the global inner fragments, but this processor can easily be extended to retrieve pairwise inner fragments as well. This processor is designed to gather as much information as possible and also includes a procedure to remove duplicate entries, in order to make the information as meaningful as possible. This processor also contains an optional procedure that is used to eliminate fragments wholly outside of the core sequence when GENECONV analyses the sequence with flanking regions.
Statistical processor to perform statistical calculations on a set of values:
This processor performs a few statistical calculations such as mean, median, and identifying minimum and maximum values on a set of numbers.
Database processor to insert data to an Access database: This processor inserts results collected during the analysis into an Access database. This processor enables an easy view and manipulation of the massive amount of data produced by the analysis.
The complete analysis tool (Figure 6 ): RECOMBFLOW, the Intragenomic Recombination Analysis Workflow, can be considered not only a complete processor, but it can easily be shared, modified, and reused within other more comprehensive bioinformatics workflow systems.
Experimental Results
All the experiments reported in this paper were conducted on a PC with 2.8GHz Pentium IV CPU and 1024 MB of main memory operated by MS Windows XP Professional. All algorithms were implemented in Java and MS Access was employed as a database for the workflow outputs.
RECOMBFLOW automated the multistep procedure needed to analyze IGC. Here, we show the performance of the RECOMBFLOW and provide a description of initial results.
Workflow performance
During the process, we recorded the start and end times for analyzing all the genomes. It took ~4.5 days to process >400 genomes, using both "no flank" and "flank 600" methods. It took about 1.8 days to process the genomes with the "no flank" method (median, 3.4 minutes) and about 2.7 days for genomes with the "flank 600" method (median, 4.6 minutes; significantly longer than "no flank", p<0.001, signed rank test).
In addition to the effect of analysis method (flank v. no flank) on processing time, biological factors, such as genome size and numbers of gene families, also influence processing time. Figure 7 shows process time generally rising with genome size, for both "no flank" and "flank 600" methods. The relationships can be fit well (r 2 = 0.735, no flank; 0.534, flank 600; p<0.001 for both) with power equations. The processing time also increased with number of gene families identified in the genome (data not shown). Process times varied greatly, even among genomes that are approximately the same size, and the longest processing times were not obtained with the largest genomes. Instead, the longest processing times were obtained from several genomes of intermediate size. Particularly notable in the graph for the "flank 600" output are 11 genomes that have processing times >50 min (circled in Figure 7 , right). They include five different strains of Shigella, two of Xanthomanas oryzae, and several other moderately sized genomes. These genomes are among those in which the largest numbers of IGC were identified, and will be discussed in the section on biological aspects of the output. A similar group of points is present in the "no flank" graph of Figure 7 .
Biological results

Variation of IGC between and within species
The numbers of intragenomic gene conversions in ~430 bacterial genomes varied greatly both between species as well as within species. Analysis of the largest and smallest of the genomes and illustrate the species-to-species variation, even among strains that are similar in size to one another. The 15 largest genomes (Table 1) IGC also varies within species. This principle is demonstrated here to be a general property of bacterial genomes, by examining all groups of genomes for species for which >3 whole genomes have been reported (Table 2 ). The variation is particularly large among 8 strains of E. coli, ranging from 15 intragenomic gene conversions (no flank method) in the laboratory strain K12 to as many as 193, in the pathogenic strain O157:H7 Sakai, a 12.9-fold range, and is similar to the variation previously reported by Morris & Drouin, (2004) for four E. coli strains. The data show here that Rhodopseudomonas palustris has a similarly large variation from a low number of 8 conversions (no flank method) in the BisB5 strain to as high as 102 conversions in the BisA53 strain, a 12.8-fold range. An even larger fold-range of intragenomic gene conversions, if not as large in absolute terms, is found in the pathogen Streptococcus pyogenes, for which strains with as few as 4 gene conversions (flank 600 method) to as many as 80 gene conversions have been sequenced. Because of the importance of S. pyogenes as a pathogen we look here at this species in greater detail. 
Intragenomic recombination in Streptococcus pyogenes
S. pyogenes, also known as Group A Streptococci (GAS), are common human pathogens that cause various throat and skin infections, some of which may be life-threatening. Among the diseases caused by S. pyogenes are strep throat, scarlet fever, and rheumatic fever. Invasive GAS infections cause necrotizing fasciatis ("flesh-eating bacteria") and streptococcal toxic shock syndrome, which have mortality rates >20%. GAS are categorized into specific serotypes based on cell surface protein antigens, of which M protein is the most important (Table 3 ). The serotype, genome size, and the GenBank reference are listed for twelve strains of S. pyogenes whose sequences were available for intragenomic gene conversion analysis. The analysis of IGCs begins with identification of gene families having more than 2 members, which shows considerable variation among the 12 S. pyogenes genomes ( Table  4) . The largest family, with 13 members, occurs in the M18 strain MGAS8232. MGAS8232 and the M3 strains SSI-1 and MGAS315 have the largest number of families with more than two members, 15, 18, and 17, respectively. A family with 10 members occurs in the M6 strain MGAS10394. Both the M3 strains SSI-1 and MGAS315 contain 5 members in their largest family. Only a few multigene families are identified in other strains, and of those most have 5 or fewer members.
The genomes with the largest number of gene families and family members also tended to have the higher numbers of IGCs (Figure 8 ). The highest number of IGCs was identified in strain MGAS8232, with 51 (no flank) or 78 (flank 600) conversions identified. Both the M3 strains SSI-1 and MGAS315 and the M6 strain MGAS10394 also have large numbers of conversions. All other strains have fewer than 13 IGCs. As noted earlier, addition of the flanking sequences enables the full length of converted fragments to be identified, as well as identifying fragments that were formerly too short to be statistically significant. Thus, not only are more converted fragments identified, but the sizes of the fragments identified are increased as well, as shown in Table 3 . Strain Name Serotype 3 4 5 6 7 8 9 10 11 12 13
Total # of families of >2 members
1 a "-" means no gene families of the indicated size were found
Species with largest number of IGCs
A graph of genome size versus number IGCs ( Figure 9 ) indicates a general upward trend of IGCs with genome size; however, above the main trend lies a distribution of strains of intermediate genome size that have much higher numbers of conversions than most others. Table 5 lists the 17 genomes with largest number of IGCs (circled in Figure 9B ). Seven of them are pathogenic variants of E. coli, including 2 strains of E. coli O157:H7 (AE005174 and BA000007) and 5 of Shigella (and AE014073, CP000266, AE005674, CP000036, CP000034), which are considered derivatives of E. coli (Pupo et al., 2000) . Two strains from Xanthomonas oryzae are on the list, as well as two strains of cyanobacteria from a Yellowstone hotspring. Xanthomonas oryzae causes bacterial blight of rice (Hu et al., 2007) ; whereas, the cyanobacteria are species of Synechococcus and are not known pathogens (Allewalt et al., 2006) . The rest are a miscellaneous collection of pathogenic and non-pathogenic bacteria. *"Fam>2" is number of families with >2 members. "Max mem/fam" is the number of members in the largest family
The origins of the large number of IGCs in this group of bacteria are probably varied. Some have very large numbers of gene families (e.g., E. coli O157:H7 and Magnetococcus), while others have fewer families but exceptionally large numbers of members in those families (e.g., various strains of Shigella and Xanthomonas oryzae).
Discussion
In this paper, we demonstrated the implementation of a scientific workflow environment, RECOMBFLOW, to analyze IGCs in microbial genomes. A methodology to identify IGCs is described and that analysis is carried out on hundreds of complete bacterial genomes available from NCBI. This analytical tool not only automates the process of identifying IGCs, but also in the process of developing this tool we have created generic processors for accessing and downloading web-based data sets and for parsing and reformatting outputs of genetic analysis tools to be able to function as inputs of other tools. The result is a developed tool that can be simply understood, shared, modified, and reused in other bioinformatic applications.
The biological results demonstrate the generality of IGCs across a large number of species of bacteria. Several principles emerge:
(1) The number of IGCs varies greatly both between and within species. Variation within a species was previously demonstrated for E. coli by Morris and Drouin (Morris and Drouin, 2004) . This is now shown to be a general principle, as illustrated by at least 8 of the 11 species listed in Table 2 , and further highlighted by detailed results for S. pyogenes (Figure 8) .
(2) While pathogens frequently appear among the bacteria with the most IGCs, some species of non-pathogenic bacteria also have a large number of IGCs. Moreover, pathogens are also among the species that have the lowest numbers of IGCs. Thus, both Neorickettsia sennetsu and Ureaplasma urealyticum, which have no IGCs, are considered to be pathogens (Honma et al., 2007; Rikihisa et al., 2004) . Prochlorococcus marinus, which is not considered a pathogen, has strains that vary from no IGCs to many IGCs ( Table 2 ). The frequent occurrence of pathogens in the output of these analyses may partially reflect the fact that genomic sequencing thus far has mostly focused on bacteria that can cause harm to humans or livestock, and thus most of the genomes so far completed are pathogens. While the relationship IGCs to pathogenicity is discussed further below, there clearly is no necessary relationship.
(3) The addition of flanking sequences to the core family sequence enables the full length and more significant instances of IGC to be detected (e.g., Table 1 and Table 3 ). In a previous publication (Alhiyafi et al., 2007) we have discussed the phenomenon of "cryptic recombinations," that is, recombinations that have occurred but cannot be detected by sequence analysis either because the converted sequence is too similar to the original sequence (hence, not enough differences to be detected statistically) or because there is not enough neighboring reference sequence to be able to differentiate the converted sequence from its unchanged context. In that study, simulations of the gene conversion and detection process showed that longer neighboring sequences enabled greater detection of these previously "cryptic" events. This conclusion is supported by the results in this paper of adding the flanking regions in order to detect these otherwise cryptic recombinations.
(4) E. coli, for which 4 genomes had previously been analyzed for IGCs (Morris and Drouin, 2004) , appears to be somewhat of a special case, given that the numbers of IGCs in several E. coli strains and their Shigella relatives are at the extreme end of the distribution, with respect to high numbers of IGCs and the numbers or sizes of gene families in which they are observed. These may be interesting genomes to investigate the mechanisms involved in the extremes of these phenomena; however, a species like S. pyogenes might be considered more "typical."
The data on S. pyogenes may be interesting from a clinical perspective. The strains with the highest numbers of IGCs are in serotypes M3, M6, and M18. M3 organisms are said to cause a disproportionate number of invasive disease cases, including necrotizing fasciitis, bacteremia, and streptococcal toxic shock syndrome and can exhibit epidemic behavior (Beres et al., 2006) . In the U.S., serotype M18 has been associated with acute rheumatic fever outbreaks (Smoot et al., 2002 ). An interesting question therefore is whether the high level of DNA mobility suggested by the high IGC count in these strains may facilitate their pathogenic potential. This is not to suggest that IGC is necessary for pathogenicity since, for example, a study in Canada (Tyrrell et al., 2002) found that the most frequent serotypes of S. pyogenes infections in the blood, brain and cerebrospinal fluid were M1 (28.2%), M28 (9.2%), and M12 (9.1%), all of which have low IGC levels in the present study.
The workflow described here is able to organize and execute a complex series of tasks to analyze IGCs in bacteria; however, after considering the amount of time it takes to complete a single run-through of all currently available bacterial genomes, it is apparent to us that future work should endeavor to put these principles into a high performance computing environment. Since each genome is analyzed individually, these processes are ideal for incorporating the workflow into a parallel processing grid. Also needed in future work are processors that will provide additional information about the function of the genes in the gene families. Using a strategy similar to that employed here with BLAST, ClustalW, and GENECONV, processors capable of formatting inputs and parsing outputs of gene ontology software can be developed to provide feedback regarding function. Overall, however, we have developed a realistic method to do bioinformatic analysis on large numbers of whole genomes, designing processors that can be used for other bioinformatic tasks and also establishing a structure into which additional bioinformatic analyses can be incorporated. . Number of IGCs v. genome size. 430 genomes were analyzed using the "no flank" method (left) and the "flank 600" method (right). Although there is a slight trend upward as genome size increases, the relationship is not significant. On the right, 17 points for which the number of IGCs = >370 appear in a "cloud" of points above the main distribution are circled and described in more detail in Table 5 .
